This paper represents a network-load interaction optimization framework integrated multi-time period flexible random fuzzy uncertain demand response (DR) model, which involved shifting of loads' operation time and uncertain response to the price signal. The network-load interaction is to optimize load profile and network topology under the guidance of electricity price at the aim of achieving the economic and secure operation of the distribution network and at the same time satisfying the consumers' satisfaction. This framework is a two-level framework, which includes the price-based DR level to minimize the daily load variance and maximize the customers' satisfaction, and the reconfiguration level to minimize the network reconfiguration cost and power unbalancing. Firstly, the price-based DR level determines the price and the load profile subject to the multi-time period flexibility and uncertainties of the DR. Then, the reconfiguration level optimizes the network configuration topology according to the load profile and feeds the results back to the price-based DR level. This network-load interaction optimization model is tackled by the proposed multi-objective self-adaptive particle swarm (SAPSO) optimization algorithm. The proposed network-load interaction optimization model is applied to the IEEE33-bus distribution system and a real system. The results show that this model is efficient to solve the network economic operation and load profile optimization problem simultaneously.
I. INTRODUCTION
Electricity market with DR has gained attention, which enables two -way flows of electricity and information to create a widely distributed automated energy delivery network [1] . It is considered as one of the important developments of the smart grid and the future power grid mode [2] . DR is the expansion of demand side management (DSM) in competitive electricity markets. It is one of the effective ways to ensure the efficiency and economy operation of the power system [3] . These benefits, however, cannot be realized unless it is modeled appropriately. The DR is usually flexible and uncertain due to the varieties of the customers' behaviors and
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According to different response modes of the electric consumers, the DR control scheme can be divided into two categories: price -based DR and incentive -based DR. Price -based DR is to guide the customers to change their energy using behavior to respond to the electricity price, while incentive -based DR offers incentives to the customers who reduce their energy consumption so as to control the demand directly [6] . Compared with the incentive -based DR, the price -based DR has a better effect in load adjustment [7] . Price elasticity coefficient is used to describe the customers' sensitivity to electricity price, which is used to model the price -based DR model. Reference [8] focuses on analyzing the impact of the price -based DR on market clearing and locational marginal prices of the power system. Reference [9] uses the price -based DR model to analyze the destabilizing impact caused by the feedback loop between customers and the market in several electricity markets. In [10] , the demand response model based on price elasticity matrix of demand is employed to investigate its ability to consume the renewable energy. The price elasticity of DR is usually affected by the varieties of the operating conditions and types of customers, which leads to uncertainties. However, this is not considered in the DR models of these papers.
There also exist some studies considering uncertainties in DR model. Such work can be generally categorized into two main groups: the stochastic -based approaches and the robust optimization -based approaches. For instance, some papers use the stochastic method to model the randomness in the price elasticity. The Monte Carlo simulation method is employed to generate scenarios for simulating uncertainties of DR [11] . Scenario method is used to describe the stochastic feature of the DR model and each scenario corresponds to a price -elastic demand curve [12] . In [13] , DR ratio, defined as the ratio between the realized and scheduled DR of demand response providers, is handled as a truncated normal distribution. However, of large number data for the probability distribution of potential uncertainties is required in the modeling. Instead of assuming explicit probability distribution, robust optimization confines the DR in a pre -defined uncertainty set containing the worst -case scenario. For example, [14] models the price uncertainty through robust optimization techniques for energy procurement model. Reference [15] uses the robust optimization method to achieve the optimal unit commitment under the worst scenario of the price elasticity. In [16] , the load demand is affected firstly by the price signal, and then the uncertain effect of the DR is taken into the second stage operation of the two -stage robust optimization model of microgrids. However, the conservative practice and computational burden of robust optimization need a lot of efforts to overcome. Different from the existing work, our model of DR in this paper considers both the random and fuzzy uncertainties. The proposed approach describes the underlying uncertainty in a more detailed and flexible manner. It allows more information of DR to be effectively considered into the uncertain model when such information is available.
DR is also flexible which means customers can change their need of electricity consumption from one time period to others. There also some paper relating to flexibility of DR. Three kinds of residential loads are considered in [17] , the adjustable loads of which can adjust their power demand to participate in DR program in time. The price crosselasticity coefficient of DR is usually used to describe this character of DR. Reference [18] introduces the price elasticity coefficient matrix to model the flexible of DR in day -ahead electricity market. The benefit impact of the DR' shifting characters are analyzed theoretically and quantitatively in mitigating electricity producers' market power in [19] .
However, the uncertainties of the loads' adjustment behavior are not considered in these literatures.
As we know, the network operators aim at running the network efficiently and meeting the needs of the electricity consumers simultaneously. According to the analysis above, the price -based DR model can be employed to adjust the load curve daily, which can be integrated into the network operation so as to satisfy the need of the optimal operation of the network. Reconfiguration is the operation that changes the structure topology of the distribution network by using some of the remote controllable switches [20] . The significant benefits of the reconfiguration are to minimize the network power loss, enhance the reliability of the network, improve the voltage profile, and support power balance [21] . Before finding the optimal reconfiguration strategy for the network, the consumers' satisfaction is met firstly and the load demand information is updated, thus reconfiguration process needs to be integrated with the DR model. There are some papers consider the DR in the distribution network reconfiguration. In [22] , only the variability of load demand as an impact factor is taken into the reconfiguration analysis. Reference [23] considers a period of 24 hours, and for each of hourly periods there is a specified a demand level, while the power market effect on DR is not considered. In [24] , although the DR is modeled by time -of -use (TOU) for interaction with the electricity price, no uncertainty of the customers' response is considered. Reference [25] formulates a DR scheme to determine of the changes in the demand without considering the impact of the uncertainty of the DR. These references do not take the random fuzzy uncertain characteristics of load demand response into account. Moreover, they tackle with the DR information as an effect factor in the reconfiguration instead of cooperating the DR optimal model and the reconfiguration optima. As we know, however, the grid operators need to make a tradeoff between the cost of the operation and the satisfaction of the customers under the flexible uncertain environment. To address this, the central challenges are how to model the flexible random fuzzy features of DR, establish the objective functions, and adopt appropriate optimization algorithm for the network -load interaction optimization problem.
This paper proposes a network -load interaction optimization framework that involves two optimization levels, the price -based DR level and the reconfiguration level, which subject to multi -time period flexible random fuzzy uncertain DR. The objective functions in the price -based DR level are to minimize the daily load variance, and maximize the customers' satisfaction; while the objective function in the reconfiguration level are to minimize the cost of the system operation and the power unbalancing. Compared with the previous work, this two -level network -load interaction optimization framework firstly considers the feedback loop between the flexible uncertain DR model under the electricity market environment and the reconfiguration optimal operation. For the DR modeling, in some circumstances the insufficient historical data of DR is not always available.
Besides, DR can fluctuate over time. it is necessary to refer to the experience of the network operators. Fuzzy uncertainty modeling can provide a good tool to deal with this situation. The price -based DR model is built considering its multitime period flexible random fuzzy uncertainties. In an attempt to tackle this effect in the optimal process, the random fuzzy simulation technology is employed. The proposed problem is a multi -objective optimization problem with several equality and inequality constraints. To address this challenge, a SAPSO algorithm is proposed, in which the non -inferior solution set is used. The proposed algorithm also makes use of two different modification methods to enhance both its global and local search ability. The performance of the proposed optimization framework is investigated via the IEEE33 -bus distribution test system and a real system.
II. MULTI-TIME PERIOD FLEXIBLE AND RANDOM FUZZY DEMAND RESPONSE MODEL A. PRICE ELASTICITY OF DEMAND RESPONSE
The DR price elasticity can represent the sensitivity of customer demand to the price of electricity [26] . There are usually two kinds of elasticities: self -elasticity and crosselasticity. The self -elasticity coefficient describes the relative variation of electricity demand caused by the relative change of electricity price in a certain period of time, while the crosselasticity coefficient describes relative variation of electricity demand in this period caused by relative change of electricity price in other periods [27] . The price elasticity can be defined as the relative slope of demand -price curve, as shown in Figure 1 
where d 0 and p 0 are the base demand and price ζ i,i is the self-elasticity coefficient d(t i ) is the demand change of time period t i , p(t i ) is the price change of time period t i ; ζ i,j is the crosselasticity coefficient, d(t i ) is also the change of demand in t i time period, p(t j ) is the change of price in time periods t j . The elasticity matrix ξ n×n represents the self -elasticity and cross elasticity for n -periods of time. In this matrix, the diagonal elements are self -elasticities and the offdiagonal elements are cross -elasticities. A 24 × 24 elasticity is usually employed to describe the price elasticity within a day.
We assume that the customers are charged in a reference electricity price in all time slots. For time slot t, the reference price is p 0 t , the reference demand is d 0 t . According to the price elasticity, the relative demand change in time slot t is correlated to the relative price change during the 24 time slots. So, the consumption d t can be estimated by equation (3) if the p 0 t and d 0 t are given.
B. MULTI-TIME PERIOD UNCERTAIN DEMAND RESPONSE MODEL According to [28] , the price elasticity is usually a variable within an interval instead of certain value because the behavior of customer is difficult to predict. It is hard in practice to determine the specific value of the price elasticity coefficient for a period of time. Since the DR is fluctuating over time, an empirical distribution function can be adopted as a useful reference and allow the actual distribution to fluctuate around it. For example, it may be assumed that the price elasticity coefficient distribution as a shifting around a known Gaussian distribution, which can be gotten based on a long -term measurement. The discrepancy of the price elasticity between the reference distribution and the real distribution can be described by a fuzzy parameter. So the random fuzzy variable is employed to tackle the realization of the uncertainty modeling of the DR. The random fuzzy variable is defined as a function δ from a credibility space ( , A, Cr) to the random variable. And the triangular fuzzy number can be defined by the credibility function, which can be expressed as equation (4) and shown in Figure 1 (a). where the ξ represents the price elasticity, and it is a random fuzzy variable; ξ µ and ξ σ denotes the expected value and standard deviation of normal distribution N , respectively, and both of them are triangular fuzzy number; ξ a , ξ b and ξ c are the starting point, intermediate point and ending point, respectively. The function δ(ξ µ ) can be also represented as ξ µ ∼ (ξ a , ξ b , ξ c ), so the δ(ξ σ ) can be formulated as ξ σ ∼ (ξ a , ξ b , ξ c ) similarly. If the DR fluctuates volatilely, we have less confidence in its distribution and thus a larger range of the fuzzy number may be given. The proposed price elasticity coefficient model is shown in Figure 1 (b). A tangent point of an arc curve denotes the price elasticity coefficient. The triangles mean the price elasticity coefficient is a triangular fuzzy number. The bottom of a triangle is the tangent of the arc curve. So, the price elasticity coefficient proposed in this paper is not a point but a variable in the tangent, which allows that the price elasticity coefficient has a range of change in the model.
According to the relationship between price elasticity coefficient and DR and the definition of the random fuzzy expected value, the consumers' demand can be obtained by the equation (5). This demand is a random fuzzy expected value, which gives a certain value in the real time. The demand load E[d t ] in time period t is defined as:
where ξ tj is the price elasticity at time slot t, and it is a random fuzzy number; p t is the electricity price for at time slot t; p t is the reference price of time slot t, which is from the data of the daily load demand without DR; d t is the historical load level; E[d t ] presents the random fuzzy expected value of load response demand.
III. NETWORK-LOAD INTERACTION OPTIMIZATION MODEL A. THE FRAMEWORK OF THE TWO-LEVEL NETWORK-LOAD INTERACTION OPTIMIZATION MODEL
The proposed network-load interaction optimization framework can fully consider the flexibility and uncertainties of the DR. By this framework, the distribution network operators firstly give the price, and then makes use of the DR's flexible adjustment behavior to the price signal on the load side and the flexibility of the system switches on the network side to realize the adaptability of distribution network to the uncertainties, so as to ensure the safe and stable operation of the system and at the same time improve the satisfaction of customers. As shown in Figure 2 , the framework of network-load interaction optimization model has two levels: the price-based DR level and the reconfiguration level In the price-based DR level, based on the price elasticity coefficient matrix and the forecasted load, the electricity price is used to guide the customer's electricity consumption behavior in each time period. That is, it optimizes the daily load consumption curve on the premise of improving the customer's satisfaction with electricity consumption and reducing the daily load variance. The reconfiguration level takes the cost of the loss and switching and power unbalancing as the objective function. It uses the flexible combination of switches to adjust the network topology structure of the system, so as to ensure that the system operation cost is optimal while the network operation constraints are met.
The network-load interaction optimization mechanism is as follows. Firstly, the price-based DR level feeds the adjusted daily load curve back to the system. Using the daily load curve the reconfiguration level reconstructs the optimal operation network structure, and feeds the optimization results back to the price-based DR level. Then, the price-based DR level further modifies the price, and again transfers the obtained daily load curve to the reconfiguration level. This network-load interaction optimization model interacts repeatedly until the system runs to the optimal state.
B. PRICE-BASED DEMAND RESPONSE LEVEL 1) OBJECTIVE FUNCTIONS
Objective function 1-Minimize the daily load variance:
Objective function 2-Maximize the satisfaction of the customers: Consumers usually want to get more electricity power at less cost. The degree of comfort that the customers at time slot t can be modeled by these two aspects. The electricity consumption satisfaction degree τ denotes the effect of the change of the electricity consumption. The electricity consumption cost satisfaction degree ω represents the effect of the change of the electricity consumption cost. So the satisfaction function models when demand is adjusted, which is formulated as:
2) CONSTRAINTS a. Average price constraints: In order to ensure that the economic benefits of customers after the price is VOLUME 7, 2019 adjusted, the average electricity price of customer is not higher than the reference price.
b. Customer's total electricity consumption constraint:
In order to ensure that the power consumption of the system remains relatively stable after the price adjustment, the daily consumption of users should be maintained within a certain range of the original power consumption
where µ down and µ up represent the upper and lower limits of fluctuation ratio of daily electricity consumption, respectively, which can be adjusted according to the economic and secure requirements for network operation. c. Electricity price constraint: Price setters should get electricity prices that meet market price regulation norms by not exceeding the maximum and the minimum value of electricity price.
(
where β down and β up represent the upper and lower limits of fluctuation ratio of daily electricity price, and they are fixed.
C. RECONFIGURATION LEVEL 1) OBJECTIVE FUNCTION
The optimization of this level is based on the reconfiguration operation. For reconfiguration problem, the operation cost mainly focuses on the cost arising from the network active power loss. In this level, the aims of the reconfiguration include minimizing the cost of the active power loss and the switching, and minimizing the power unbalance. The control variables are the states of the grid switch x i . The objective function can be expressed as respectively:
where the first term of the formula is the expected cost of the active power loss; N branch is the total number of the grid switches; the second term of the formula is the total cost of the switching; P sw is switching cost of one switching; x i denotes the state of the switch i (i.e. 1 means close and 0 means open) and x i0 is the last state of the switch i; R i is the resistance of branch i; I i and I average represent the current in branch i and the average value of the system line current.
For the dimension problems of multiple objectives, equations (15) is defined to normalize the dimension of the reconfiguration cost level and power unbalance level. The smaller the λ 1 and λ 2 are, the smaller the reconfiguration cost and the more balanced the power are:
where f 3,1 is the current value during the optimization process; f min 3,1 denotes the global minimum value; f 3,2 is the current value during the optimization process; f min 3,2 denotes the global minimum value.
In the reconfiguration level, the objective function can be formulated by:
2) CONSTRAINTS For the network reconfiguration problem, this objective function also meets the constraints of the voltage, and radial network.
a: VOLTAGE CONSTRAINT
The voltage constraint can be handled as a penalty item in the objective function f 3 .
where V j is the voltage of node j; V max j and V min j are the maximization and the minimization of the voltage of node j; η is the penalty factor.
b: RADIAL NETWORK CONSTRAINT
The network topology is required to be a radial configuration which can be considered as a tree. Prim's algorithm is used to obtain a weighted and undirected connected graph, which is called a minimum tree. The tree is formed by a subset of the edges, and includes all vertices of the initial graph, without any loops. Then, the total weight of the edges of the tree is the minimum value. The practice the algorithm can be achieved by performing the following steps: Therefore, using the Prim's algorithm, a radial distribution network topology {E 1 , E 2 } is created randomly. Example data are given, and the topology is shown in Figure 3 , where the solid line is the branch of the tree and the dotted line represents the open switch. The original topology is shown in Figure 3(a) . First, we start from v 1 , and branch (v 1 , v 2 ) is chose as its weight value is lower than branch (v 1 , v 3 ), which is shown as Figure 3(b) . Then, we start form v 1 and v 2 , and (v 2 , v 3 ) is chose due to its weight value is lowest among
, which is shown as Figure 3 (c). Next, we start from v 2 and v 3 , and branch (v 2 , v 4 ) is chose, and Figure 3(d) is obtained. Repeated the same procedure, and finally the tree which is as shown in Figure 3 (f) is obtained.
IV. OPTIMIZATION METHODS

A. ORIGINAL PARTICLE SWARM OPTIMIZATION (PSO) ALGORITHM
The PSO is an evolutionary optimization algorithm that was developed by Eberhart and Kennedy [29] , and it can achieve overall information sharing among individuals globally. The optimal position of the particle is found by iteratively updating the velocity Vel i and position P i of the particle. Its iteration formula is as follows:
where c 1 and c 2 are acceleration factors; r 1 and r 2 are generated randomly in (0, 1); ρ is the inertial weight; k denotes the k th iteration; nsw is the number of the elements in each population. And best value P k i and the global best value P k g are defined to store the best value for each particle the global best value, respectively.
B. MULTI-OBJECTIVE SELF-ADAPTIVE PARTICLE SWARM OPTIMIZATION (SAPSO) ALGORITHM
Two sub-improved technologies are proposed to improve the global and local searching ability of the PSO algorithm. Sub-Improvement Method 1: In this method, the mean value of the swarm particle is employed to drive the move to the best solution. A new particle can be generated by:
where TF is generated as 1 or −1 randomly; Meanbest is the mean value of swarm particles. If X k,1 i is better than X k i , it replaces X k i , otherwise X k i is retained.
Sub-Improvement Method 2:
In order to break premature local convergence, an improvement method is design as:
where HMCR is a real value between (0,1); max(HM i ) and min(HM i ) denote the maximum and the minimum value of the i th element of the population. If X k,2 i is better than X k i , it replaces X k i , otherwise X k i is retained.
C. RECONFIGURATION OPTIMIZATION ALGORITHM
In this level, the PSO algorithm is also employed to solve the reconfiguration problem. However, due to the radial constraint should be considered in the optimization process, the PSO is also improved. That is, the position and velocity of each particle are vectors, in which each element of a position vector is the weight of the branch, and each element of a velocity vector is used to an update the correspond weight of branch. During the optimization process, a set of branch weight can be transferred as a tree topology by Prim's algorithm so as to satisfy the radial constraint. The position and velocity vectors can be updated as follows:
where X k i is the position vector and each element X k i is the weight of the branches; similarly, Vel k i is the velocity vector and each element vel k i is the parameter of the branches; P k i is the individual best value vector and P k g is the global best value vector.
D. METHOD APPLICATION PROCEDURE
The proposed network-load interaction optimization model is applied in distribution network. The corresponding flowchart is shown in Figure 4 and the procedure of the whole model is shown as follows.
Step1: Input the parameters of load demand, PSO algorithm, conference price, and the parameters of the elasticity coefficient.
Step 2: Generate the particles X i and velocity vectors Vel i randomly;
Step 3: The price-based DR model is used to minimize the daily load variance and maximize the customers' satisfaction of each price particle, and at the same time the load profile curve is obtained. Then the switching combination of the system is optimized using the load curve in the reconfiguration optimization model. The solution of the reconfiguration optimization model is shown in Figure 4 . In this step, the random fuzzy expected value of the demand load E[d t ] can be calculated by random fuzzy expected value calculation algorithm, which is shown in Table1.
Step 4: Update particles position X i and velocity Vel i randomly as described in Section IV.A;
Step 5: Use the proposed self-adaptive sub-improvement methods as described in Section IV.B;
Step 6: The new objective functions are merged into the he non-inferior solution set, and then the new non-inferior solution is screened and updated. The optimal particle is randomly generated from the non-inferior solution set;
Step 7: Update the best individual value P i and the global best value vector P g ;
Step 8: Check the termination criterion. If the iteration number reaches the predetermined maximum value or the solutions reach the convergence condition, the search is stopped, else go to step 4.
Step 9: Output the results.
V. CASE STUDY
The method proposed in this paper is applied to the IEEE33-bus distribution system. The load of the system during a day is shown in Figure 5(a) . The cost is converted into dollars. The switching cost is $0.06 for each switching. β down and β up are 0.3. µ down and µ up are 0.2. The examples are tested by MATLAB software. The simulation is performed on a 3.3 GHz PC with 8.0 GB RAM The price elasticity can be obtained in [30] . A set of price elasticity is shown in Figure 5(b) . Several cases in price elasticity are given: Case A: Each element in the price elasticity coefficient matrix is a fixed value, that is, the random and fuzzy uncertainties are not considered in this case;
Case B: Only the randomness uncertainty is considered in the price elasticity coefficient matrix. The expected value 
The following cases are set up in the same way as case C.
A. THE EFFECT OF UNCERTAINTIES ON DEMAND RESPONSE
In this part, in order to investigate the effect of different fuzziness on DR, for a set of given prices, the load changes after price adjustment under different cases, which are shown as Figure 6 , where the transverse axis of coordinates 0 represents the load changes before price adjustment. From Figure 6 , it is indicated that the price adjustment brings the change on load consumption. Given the same set of price adjustment, there are different ranges on load changes in different cases. That is, with different uncertain set in price elasticity coefficient, the load changes differently in the same time period. Besides, from Case A to Case G, as the given fuzziness increases, the load adjustment ranges fluctuation become larger. According to the network-load interaction optimization model, by affecting the reconfiguration optimization results, the load adjustment will affect the price adjustment results and then consequently influence the load demand response behavior, which indicates uncertainties are transferred between loop of the network side and the load side. Therefore, it is essential to consider the randomness and fuzziness in price elasticity coefficient.
B. ANALYSIS OF NETWORK-LOAD INTERACTION OPTIMIZATION RESULTS
1) THE ANALYSIS OF THE PRICE AND LOAD ADJUSTMENT RESULTS
In this part, the parameters are set as Case F. The network-load interaction model is employed in IEEE33-bus distribution system. The price and load profile before and after optimization are shown in Figure 7 . The curve of the price is shown in Figure 7 (a). It shows that the prices almost increase in peak load time period and decreases in valley load time period. From the load profile (shown in Figure 7(b) ), we can see that by adjusting the electricity price, the peak load decreases by 17.23%, the valley load increases by 26.54%, and the peak-valley difference decreases by 24.63%. It is indicated that the adjustment of electricity price can effectively transfer electricity consumption from peak period to low peak period so as to achieve the goal of optimizing daily load curve.
2) THE RECONFIGURATION COST ANALYSIS Figure 8 shows the system operation cost before and after reconfiguration in every hour. This shows that the operation cost of power grid can be effectively reduced through reconfiguration optimization. According to Table 2, the total system operation cost is $32695 before reconfiguration, and it is $30772 after reconfiguration, which is 5.9% lower than that before reconfiguration. Moreover, after electricity price adjustment, the daily load consumption increases by 1.63%. It is indicated that after adjusting the electricity price, rather than using less electricity during the day, the consumers use less electricity during the peak load period and more electricity during valley load period, which ensures the stability of daily load consumption. Besides, the consumers' electricity consumption also meets both the average price constraints and the customer's total electricity consumption constraint. It means that the consumers pay less for electricity per unit, and at the same time their electricity consumption of daily life is guaranteed.
In order to investigate the state variation when operation cost changes. Node 18 (feeder terminal) is chosen. Figure 8 shows its voltage profile in a day before and after optimization. According to the figure, the lowest voltage before reconfiguration is 0.89, and the some after reconfiguration is 0.91. It is indicated that the voltages are improved in most hour of a day. For the relationship of the voltage and the operation cost. In some hour (such as hour 7-21), when most of the operation costs are reduced, the voltages also are promoted. This is because some load shifts to other hour and the reconfiguration operation changes the distribution of the power flow so that the power loss has been reduced.
3) THE POWER BALANCE ANALYSIS
In order to investigate the effect of parameters a 2 on the power balancing, several cases are set, which are (a) a 1 = 0.2, a 2 = 0.8, (b) a 1 = 0.4, a 2 = 0.6, (c) a 1 = 0.6, a 2 = 0.4, (d) a 1 = 0.8, a 2 = 0.2. Figure 9 shows the power balancing results before and after optimization for several cases during 24 hours. The points are closer to the center point that means the system power is more balancing at the certain hour. It is indicated that the load balancing is improved after optimization in every hour. For case (a), a maximum 26.88% and a minimum 17.99% improvement of load balancing is achieved For case (d), the maximum improvement is 14.13% and the minimum is 2.58% on power balancing. This is because through reconfiguration, the power flow of the line is redistributed and improved, thus the load balancing is improved. Therefore, the reconfiguration operation can improve the load balancing of the system, and with larger a 2 , the improvement is more obvious.
C. THE PERFORMANEC OF THE PROPOSED MULTI-OBJECTIVE SAPSO ALGORITHM
The proposed optimization algorithm is applied on the IEEE33-bus distribution system. In order to investigate the performance of the proposed SAPSO algorithm, several other reference optimization algorithm HS (Harmony Search Optimization algorithm), TLBO (Teaching Learning Based Optimization algorithm), and PSO are also employed. For all algorithms, the initial population is 30, and the best solution is determined by running the algorithm for 300 iterations. The HMCR (harmony memory considering rate) and PAR (pitch adjusting rate) parameter of HS is 0.8 and 0.3. The optimization problem is solved for 30 trials with each method.
The best, worst, and average solutions of each method for daily load variance are shown in Table 3 . It is obvious that the proposed SAPSO and the PSO algorithm have the same best solution 0.2086, which reflects the effectiveness performance of the proposed algorithm. In addition, the average and worst solutions of the proposed algorithm are better than that of other methods. This means that the proposed algorithm has a better ability in global searching.
In order to investigate the convergence ability of the proposed algorithm, the average convergence speed curves of daily load variance objective function by these methods are shown in Figure 10 (a). According to Figure 10(a) , the proposed SAPSO converges to the optimal value in the previous iterations easily. This fast convergence indicates the superior searching ability both globally and locally. The Pareto solutions are shown in Figure 10 (b) and Table 4 . Through the graph and table, we can see that each Pareto solution cannot be in the dominant position, which verifies the effectiveness of the multi-objective SAPSO algorithm proposed in this paper. In fact, the Pareto optimal solution will provide the operator to make his/her decision for the operation of the system. Moreover, in different circumstances, the operators can choose the corresponding optimal operating points based on their experiences. 
D. THE APPLICATION OF A REAL SYSTEM
In order to investigate the efficiency of the proposed method in the real system, a real system with 109 nodes and 118 lines located in the southeast of china is employed.
The load profiles before and after optimization are shown in Figure 11 . According to Figure 11 , the peak load decreases by 16.62%, the valley load increases by 14.62%, and the peak-valley difference decreases by 18.65%. It indicates that the load profile curve can be improved by price adjustment. The system operation cost before and after reconfiguration is listed in Table 4 . The total system operation cost is $907.8527 before optimization, and it is $754.4170 after optimization, which is 16.90% lower than that before reconfiguration. At the same time, the electricity consumption of the customers increases by 0.4%. It is indicated that the network-load interaction optimization model can reduce the operation cost while guarantee the electricity consumption and the satisfaction of the customers.
VI. CONCLUSION
Considering the multi-time period flexible random fuzzy uncertainty of DR, this paper proposes a two-level networkload interaction optimization framework for optimize the operation of the distribution system. The simulation results show that:
(1) The multi-time period flexible uncertain DR model is helpful to investigate the uncertain impact of the DR on the optimal operation. With the larger uncertainty on the DR, the load profile information leans to be more fluctuation and this effect can be transfer between network operation and the demand response control. (2) The multi-time period flexible uncertain DR model performs well in guiding the electricity consumption of the customers, which can reduce 17.23% on peak load and increases 26.54% on valley load. (3) The proposed optimization operation has a significant effect to reduce the cost of the network operation by 16.90%. And it can keep the system power more balanced and at less 17.99% on the power balancing can be achieved. (4) The proposed multi-objective SAPSO algorithm has a good performance in convergence and robustness, and it is able to find out the Pareto solutions. Although the network-load interaction optimization framework proposed in this paper is applied in distribution network optimization with uncertainties, it can also be applied in other power system circumstances. How to improve the cooperation among electricity market agents in the distribution system will be considered in the further study.
